Characterizing the transcriptome of individual cells is fundamental to understanding complex 41 biological systems. We describe a droplet-based system that enables 3' mRNA counting of up 42 to tens of thousands of single cells per sample. Cell encapsulation in droplets takes place in ~6 43 minutes, with ~50% cell capture efficiency, up to 8 samples at a time. The speed and efficiency 44 allow the processing of precious samples while minimizing stress to cells. To demonstrate the 45 system's technical performance and its applications, we collected transcriptome data from ~1/4 46 million single cells across 29 samples. First, we validate the sensitivity of the system and its 47 ability to detect rare populations using cell lines and synthetic RNAs. Then, we profile 68k 48 peripheral blood mononuclear cells (PBMCs) to demonstrate the system's ability to characterize 49 large immune populations. Finally, we use sequence variation in the transcriptome data to 50 determine host and donor chimerism at single cell resolution in bone marrow mononuclear cells 51 (BMMCs) of transplant patients. This analysis enables characterization of the complex interplay 52 between donor and host cells and monitoring of treatment response. This high-throughput 53 system is robust and enables characterization of diverse biological systems with single cell 54 mRNA analysis. 55 56 4 Understanding of biological systems requires the knowledge of their individual 57
8 in the 293T-only and the Jurkat-only samples ( Fig. 2e) . Furthermore, in the sample with 1%
192
293T and 99% Jurkat cells, the number of cells in each of the two clusters were observed at the 193 expected ratio ( Fig. 2e, Supplementary Fig. 4a, Supplementary Fig. 4b) . A similar trend was 194 observed for 12 independent samples where 293T and Jurkat cells were mixed at 5 different 195 proportions, demonstrating the system's ability to perform unbiased detection of rare single cells 196 ( Supplementary Fig. 4a ).
198
Our scRNA-seq data not only provides a digital transcript count, it also provides ~250nt 199 sequence for each cDNA that could be used for Single Nucleotide Variant (SNV) detection. On
200
average, there are ~350 SNVs detected in each 293T or Jurkat cell ( Supplementary Fig. 4c , 201 Supplementary Table 5 ), and we investigated whether the SNVs could be used independently 202 to distinguish cells in the mixture. We selected a set of high quality SNVs that were only 203 observed in 293T or Jurkat cells, but not both (Online Methods). We then scored cells in the 204 mixed samples based on the number of 293T or Jurkat-enriched SNVs (Online Methods). In the 205 1:1 mixed sample, 45% 293T cells primarily (96%) harbored 293T-enriched SNVs, whereas 206 50% Jurkat cells primarily (94%) harbored Jurkat-enriched SNVs (Fig. 2f, Supplementary 207 Table 6 ). Jurkat and 293T cells inferred from marker-based analysis is 99% consistent with 208 SNV-based assignment. We observed a multiplet rate of ~3%, accounting for multiplets from 209 Jurkats:293Ts as well as Jurkats:Jurkats and 293Ts:293Ts. The multiplet rate is consistent with 210 that predicted from the human and mouse mixing experiment, when ~3000 cells were recovered 211 ( Supplementary Fig. 1a ). Our result demonstrates that SNVs detected from scRNA-seq data 212 can be used to classify individual cells.
214
Subpopulation discovery from a large immune population 215 216
The GemCode single cell technology can also be used for scRNA-seq of primary cells.
217
To study immune populations within PBMCs, we obtained fresh PBMCs from a healthy donor 218 (Donor A). ~8-9k cells were captured from each of 8 channels and pooled to obtain ~68k cells.
219
Data from multiple sequencing runs were merged using the Cell Ranger pipeline. At ~20k 220 reads/cell, the median number of genes and UMI counts detected per cell was approximately 221 525 and 1,300, respectively ( Fig. 3a, Supplementary Fig. 5a ). The UMI count is roughly 10% 222 of that from 293T and 3T3 samples at ~20k reads/cell, likely reflecting the differences in cells'
223
RNA content (~1pg RNA/cell in PBMCs vs. ~15pg RNA/cell in 293T and 3T3 cells)
224
( Supplementary Fig. 5a, b ).
226
We performed clustering analysis to examine cellular heterogeneity among PBMCs. We 227 applied PCA on the top 1000 variable genes ranked by their normalized dispersion, following a 228 similar approach to Macosko et al. 7 (Supplementary Fig. 3b, 5c , Online Methods). K-means 15 229 clustering on the first 50 PCs identified 10 distinct cell clusters, which were visualized in two 230 dimensional projection of t-Distributed Stochastic Neighbor Embedding (tSNE) 16 (Online 231 Methods, Fig. 3b, Supplementary Fig. 5d ). To identify cluster-specific genes, we calculated 232 the expression difference of each gene between that cluster and average of the rest of clusters.
233
Examination of the top cluster-specific genes revealed major subtypes of PBMCs at expected 234 ratios 17 : >80% T cells (enrichment of CD3D, part of the T cell receptor complex, in clusters 1-3, 235 and 6), ~6% NK cells (enrichment of NKG7 18 in cluster 5), ~6% B cells (enrichment of CD79A 19 236 in cluster 7) and ~7% myeloid cells (enrichment of S100A8 and S100A9 20 in cluster 9 (Online 237 Methods, Fig. 3b-f, Supplementary Fig. 5e, Supplementary Table 7 ). Finer substructures 238 were detected within the T cell cluster; clusters 1, 4 and 6 are CD8+ cytotoxic T cells, whereas 239 clusters 2 and 3 are CD4+ T cells ( Fig. 3e, Supplementary Fig. 5f ). The enrichment of NKG7 240 on cluster 1 cells implies a cluster of activated cytotoxic T cells 21 (Fig. 3f) . Cells in Cluster 3 241 showed high expression of CCR10 and TNFRSF18, markers for memory T cells 22 and 242 regulatory T cells 23 respectively, and likely consisted of a mixture of memory and regulatory T 243 cells ( Fig. 3c, Supplementary Fig. 5g ). The presence of ID3, which is important in maintaining 244 a naïve T cell state 24 , suggests that cluster 2 represents naïve CD8 T cells whereas cluster 4 245 represents naïve CD4 T cells ( Fig. 3c) . To identify sub-populations within the myeloid 246 population, we further applied k-means clustering on the first 50 PCs of cluster 9 cells. At least 3 247 populations were evident: dendritic cells (characterized by presence of FCER1A 25 ), CD16+ 248 monocytes, and CD16-/low monocytes 26 ( Fig. 3g- Supplementary Table 7) . Overall, these 249 results demonstrate that our scRNA-seq method can detect all major subpopulations expected 250 to be present a PBMC sample.
252
Our analysis also revealed some minor cell clusters, such as cluster 8 (0.3%) and cluster 253 10 (0.5%) ( Fig. 3b) . Cluster 8 showed preferential expression of megakaryocyte markers, such 254 as PF4, suggesting that it represents a cluster of megakaryocytes ( Fig. 3b-c cluster of multiplets (Fig. 3b, c) . The size of the cluster suggests the multiplets comprised 257 mostly of B:dendritic and B:T:dendritic cells (Online Methods). With ~9k cells recovered per 258 channel, we expect a ~9% multiplet rate and that the majority of multiplets would only contain T 10 cells. More sophisticated methods will be required to detect multiplets from identical or highly 260 similar cell types.
262
To further characterize the heterogeneity among 68k PBMCs, we generated reference 263 transcriptome profiles through scRNA-seq of 10 bead-enriched subpopulations of PBMCs from 264 Donor A (Supplementary Fig. 6-7 , Supplementary Table 8 ). Clustering analysis revealed a 265 lack of sub-structure in most samples, consistent with the samples being homogenous 266 populations, and in agreement with FACS analysis (Online Methods, Supplementary Fig. 6-7) .
267
However, substructures were observed in CD34+ and CD14+ monocyte samples (Online
268
Methods, Supplementary Fig. 7b, j) . In the CD34+ sample, ~70% cell clusters show 269 expression of CD34 ( Supplementary Fig. 7j ). In the CD14+ sample, the minor population 270 showed marker expression for dendritic cells (e.g. CLEC9A), providing another reference 271 transcriptome to classify the 68k PBMCs ( Supplementary Fig. 7b ). This result also 272 demonstrates the power of scRNA-seq in selecting appropriate cells for further analysis.
274
We classified 68k PBMCs based on their best match to the average expression profile of 275 11 reference transcriptomes (Online Methods, Fig. 3j ). Cell classification was largely consistent 276 with previously described marker-based classification, although the boundaries among some of 277 the T cell sub-populations were blurred. Namely, part of the inferred CD4+ naïve T population 278 was classified as CD8+ T cells. We have also tried to cluster the 68k PBMC data with Seurat 27 279 (Online Methods). While it was able to distinguish inferred CD4+ naïve from inferred CD8+ 280 naïve T cells, it was not able to cleanly separate out inferred activated cytotoxic T cells from 281 inferred NK cells ( Supplementary Fig. 5i ). Such populations have overlapping functions, 282 making separation at the transcriptome level particularly difficult and even unexpected.
283
However, the complementary results of Seurat's and our analysis suggest that more 284 sophisticated clustering and classification methods can help address these problems.
286
Single cell RNA profiling of cryopreserved PBMCs
288
In order to analyze repository specimens for clinical research, we tested GemCode 289 technology on cryopreserved cells. We froze the remaining fresh PBMCs from Donor A, and 290 made a scRNA-seq library from gently thawed cells a week later where ~3k cells were 291 recovered (Online Methods). The two datasets (fresh and frozen) showed a high similarity 292 between their average gene expression (r=0.97, Online Methods, Supplementary Fig. 8a) . 57 293 11 genes showed 2-fold upregulation in the frozen sample, with ~50% being ribosomal protein 294 genes, and the rest not enriched in any pathways ( Supplementary Table 9 ). In addition, the 295 number of genes and UMI counts detected from fresh and frozen PBMCs was very similar 296 (p=0.8 and 0.1, respectively), suggesting that the conversion efficiency of the system is not 297 compromised when profiling frozen cells (Supplementary Fig. 8b ). Furthermore, 298 subpopulations were detected from frozen PBMCs at a similar proportion to that of fresh 299 PBMCs, demonstrating the applicability of our method on frozen samples (Online Methods, 
323
To evaluate the technical performance of this method, we generated scRNA-seq 324 libraries from PBMCs of two healthy donors B and C, with ~8k cells captured for each sample 325 (Supplementary Table 2 ). We first performed in silico mixing of PBMCs B and C at 12 mixing 326 ratios ranging from 0 to 50%. Only confidently mapped reads from samples B and C were used, 12 and a total of 6000 cells were selected (Online Methods). There were ~15k reads/cell, with ~50 328 filtered SNVs per cell (Online Methods, Supplementary Fig. 9a , b, Supplementary Tables 2, 329 5). We then classified the cells based on variants detected from the mixed transcriptome.
330
Sensitivity and positive predictive value (PPV) were calculated by comparing the predicted call 331 of each cell against its true labeling. Our method was able to identify minor genotypes as low as 332 3% at >95% sensitivity and PPV ( Fig. 4a, b) . A minor population could not be detected when 333 the mixed ratio was below 3% (Fig. 4c) . The accuracy of this method is affected by the number 334 of observed SNVs per cell, which is dependent on cell types, diversity between subjects, and 335 variant calling sensitivity. Nevertheless, the base error rate and variant calling errors have a 336 limited effect on the accuracy of the method, as the method uses all instead of a small subset of 337 SNVs (Supplementary Fig. 9c ).
339
We further validated the performance of the method in experiments where PBMCs from 340 donors B and C were mixed at three ratios, 50:50, 90:10 and 99:1, prior to scRNA-seq. In the 341 50:50 mixture sample, cells from donors B and C were almost indistinguishable by RNA 342 expression ( Supplementary Fig. 9d, e ). However, they can be separated by their genotype at 343 the correct proportion ( Fig. 4d) . In addition, the genotype overlap between genotype group 1 344 and Donor C is 94%, whereas the overlap between genotype group 1 and Donor B is only 63%, 345 both within the range of positive and negative controls, suggesting that group 1 comes from 346 Donor C (Online Methods, Fig. 4d ). Similarly, genotype group 2 was inferred to be from Donor 347 B (Online Methods, Fig. 4d ). The proportions of the minor genotype were accurately predicted 348 at the 90:10 mixing ratio. Consistent with the in silico mixing results, the minor population could 349 not be detected when B and C were mixed at 99:1 ratio ( Fig. 4d) .
351

Single cell analysis of transplant bone marrow samples
353
Single cell RNA-seq libraries were generated from cryopreserved BMMC samples 354 obtained from two patients before and after undergoing HSCT for acute myeloid leukemia (AML)
355
(AML027 and AML035) (Supplemental Table 2 ). Since HSCT samples are fragile, cells were 356 carefully washed in PBS with 20% FBS before loading them into chips. Relative to BMMCs from 357 2 healthy controls, we found 3-5 times as many median number of UMI counts per cell in AML 358 samples at ~15k reads/cell, suggesting their vastly abnormal transcriptional programs 359 ( Supplementary Fig. 10a ). ~35 and 60 SNVs/cell were detected from AML027 and AML035 360 pre-transplant samples respectively ( Supplementary Table 5 , Supplementary Fig. 10b, c) .
13
Our SNV analysis detected the presence of two genotypes in the post-transplant sample of 362 AML027, one at 13.8%, and one at 86.2% ( Fig. 5a ). As expected, there was no evidence of 363 multiple genotype groups in the pre-transplant host sample. We compared the major and minor 364 inferred genotypes present in the post-transplant sample to the genotype found in the host cells.
365
The major inferred genotype in the post-transplant sample was 97% similar to that inferred from 366 the host sample, while the minor inferred genotype was only 52% similar to that of the host 367 sample (Fig. 5a) . The observed range of genotype overlap between the same individuals is 
383
CD34, GATA1, CD71 and HBA1) were detected among the erythroids, indicating populations at 384 various stages of erythroid development (Online Methods, Supplementary Fig. 10d-f ). AML027
385
showed the highest level of erythroid cells (>80%, consist of mostly mature erythroids) before 386 transplant, consistent with the erythroleukemia diagnosis of AML027 ( Fig. 5c) . In contrast, after 387 transplant, AML027 showed the highest level of blast cells and immature erythroids (CD34+, 388 GATA1+), consistent with the relapse diagnosis and return of the malignant host AML (Fig. 5c ).
389
These observations would have been difficult to make with FACS analysis, with limited number 
462
To estimate the distribution of cells in GEMs, manual counting was used for ~28k frames of one 463 video on a subset of GEMs. The results indicate an approximate adherence to a Poisson 464 distribution. However, the percentage of multiple cell encapsulations was 16% higher than the 465 expected value, possibly due to sub-sampling error or to cell-cell interactions (some two-cell 466 clumps were observed during the manual count) (Supplementary Fig. 1b ). 
686
For hierarchical clustering, pair-wise correlation between each cluster was calculated, and 687 centered expression of each gene was used for visualization by heatmap.
689
Classification of PBMCs was inferred from the annotation of cluster-specific genes. In the case 690 of cluster 10, marker expression of multiple cell types (e.g. B, dendritic, and T) was detected.
691
Since the relative cluster size of B, dendritic and T is 5.7%, 6.6% and 81% respectively, we'd 692 expect the cluster 10 (which is only 0.5%) to contain multiplets consisting mostly from 
713
24 Note that the difference between the highest and 2 nd highest correlation was small for some 714 cells (for example, the difference between cytotoxic T and NK cells), suggesting that the cell 715 assignment was not as confident for these cells. A few of the purified PBMC populations 716 overlapped with each other. For example, CD4+ T Helper 2 cells include all CD4+ cells. This 717 means that cells from this sample will overlap with cells from samples that contain CD4+ cells, 718 including CD4+/CD25+ T Reg, CD4+/CD45RO+ T Memory, CD4+/CD45RA+/CD25-Naïve T.
719
Thus, when a cell was assigned the ID of CD4+ T Helper 2 cell based on the correlation score, 720 the next highest correlation was checked to see if it was one of the CD4+ samples. If it was, the 721 cell's ID was updated to the cell type with the next highest correlation. The same procedure was 722 performed for CD8+ Cytotoxic T and CD8+/CD45RA+ Naïve Cytotoxic T (which is a subset of 723 CD8+ Cytotoxic T).
725
The R code used to analyze 68k PBMCs and purified PBMCs can be found here: 
762
In in silico cell mixing experiments, when the K=2 model failed to adequately separate the two 763 genomes, it reported a distribution of posterior probabilities near 0.5 for the cell-genome calls, 764 indicating a lack of confidence in those calls. We applied a requirement that 90% of the cells 765 have a posterior probability greater than 75% in order to select the K=2 model over the K=1 766 model. Selecting K=1 indicates that the mixture fraction is below the level of detection of the 767 method, which in in silico mixing experiments was determined to be 4% of 6,000 cells. 
789
Cluster-specific genes were identified following the steps outlined in Identification of cluster-790 specific genes and marker-based classification. Classification was assigned based on 791 cluster-specific genes, and based on expression of some well-known markers of immune cell 792 types. "Blasts and Immature Ery 1" refers to cluster 4, which expresses CD34, a marker of 793 hematopoietic progenitors 38 , and Gata2, a marker for early erythroids 39 . "Immature Ery 2" refers 794 to clusters 5 and 8, which show expression of Gata1, a transcription factor essential for 795 erythropoiesis 40 , but not CD71, which are often found in more committed erythroid cells 38 .
796
"Immature Ery 3" refers to cluster 1, which show expression of CD71. "Mature Ery" refers to 797 cluster 2. HBA1, a marker of mature erythroid cells, is preferentially detected in cluster 2.
798
Cluster 3 was assigned as "Immature Granulocytes" because of the expression of early 799 granulocyte markers such as AZU1 and IL8 41 , and the lack of expression of CD16. Cluster 7 800 was assigned as "Monocytes" because of the expression of CD14 and FCN1, for example. "B" 801 refers clusters 6 and 9 because of markers such as CD19 and CD79A. "T" refers to cluster 10, 802 because of markers such as CD3D and CD8A. 
